New estimates and a decomposition of provincial productivity change in China by Laurenceson, James & O'Donnell, Christopher
  	

New Estimates and a Decomposition of Provincial Productivity Change in
China
James Laurenceson, Christopher O’Donnell
PII: S1043-951X(14)00064-9
DOI: doi: 10.1016/j.chieco.2014.05.016
Reference: CHIECO 732
To appear in: China Economic Review
Received date: 30 October 2012
Revised date: 28 May 2014
Accepted date: 28 May 2014
Please cite this article as: Laurenceson, J. & O’Donnell, C., New Estimates and a De-
composition of Provincial Productivity Change in China, China Economic Review (2014),
doi: 10.1016/j.chieco.2014.05.016
This is a PDF ﬁle of an unedited manuscript that has been accepted for publication.
As a service to our customers we are providing this early version of the manuscript.
The manuscript will undergo copyediting, typesetting, and review of the resulting proof
before it is published in its ﬁnal form. Please note that during the production process
errors may be discovered which could aﬀect the content, and all legal disclaimers that
apply to the journal pertain.
AC
CE
PT
ED
 M
AN
US
CR
IP
T
ACCEPTED MANUSCRIPT
 
New Estimates and a Decomposition of Provincial 
Productivity Change in China 
 
 
 
 
 
James Laurenceson
#*
 
Senior Lecturer 
School of Economics 
The University of Queensland 
 
 
Christopher O’Donnell 
Professor 
School of Economics, 
The University of Queensland 
 
 
 
 
 
Abstract 
 
Productivity and efficiency change lies at the heart of achieving sustainable growth in 
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1. Introduction 
 
China’s economy has long been distinguished by extremely high rates of investment 
and export growth. In more recent years, an increasing number of scholars have 
questioned whether this traditional growth model can deliver sustainable growth into 
the future. The potential problems are several. Firstly, in the absence of a liberalized 
capital account, high rates of investment require equally high rates of savings. 
However, the process of demographic change in China means that household savings 
rates are expected to soon begin to decline (Curtis, et al., 2011).  Secondly, high rates 
of investment and savings have meant that domestic consumption growth has not kept 
pace with output growth.
 
 As a result, household living standards have improved at a 
slower rate than the output growth numbers would suggest, and output has also 
become vulnerable to changes in foreign demand. A number of countries, led by the 
US and the EU, have voiced a growing unwillingness to consume China’s excess 
production. Thirdly, there are doubts regarding whether China’s financial system is 
capable of efficiently intermediating a large pool of savings to productive 
investments. That China’s investment ratio has continued to increase while output 
growth has remained more or less constant heightens such concerns. Finally, such a 
pattern of growth is resource intensive and has contributed to a dramatic deterioration 
in environmental outcomes. A shift away from a strategy that emphasises investment 
growth towards one that emphasises growth of productivity and efficiency of resource 
use therefore lies at the heart of achieving sustainable growth in China. 
 
Given the importance of productivity and efficiency change, an extensive literature 
has emerged aiming to shed light on this issue (Wu, 2011). The main contribution of 
this paper is to compute and decompose provincial-level Färe-Primont (F-P) TFP 
indexes over the period 1978-2010. The calculation and decomposition of F-P TFP 
indexes offers two important advantages over the approaches taken in the existing 
literature.   
 
Firstly, unlike more commonly used TFP indexes, such as the Malmquist index, the F-
P index is “multiplicatively complete” (O’Donnell, 2012a). That is, it can be 
exhaustively and unambiguously decomposed into three components of productivity 
change that have a sensible and straightforward interpretation in economic theory. 
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These include technical change (movements in the production possibilities frontier), 
technical efficiency change (movements towards or away from the production 
possibilities frontier), and scale and mix efficiency change (movements around the 
production possibilities frontier to capture economies of scale and scope). Aside from 
reflecting core theoretical concepts, such decompositions of productivity change are 
useful for other reasons. As an example, consider that the types of public policies 
needed to address technical inefficiency (e.g., education, training and extension 
programs) will be quite different to those needed to address scale and mix inefficiency 
(e.g. exchange rates, taxes, subsidies and other policies that affect relative prices).  
 
Secondly, the F-P index satisfies numerous desirable axioms from index number 
theory. Perhaps the most important of these is the transitivity axiom.  If an index fails 
to satisfy the transitivity axiom, this implies that it cannot be used to make reliable 
productivity comparisons involving more than two observations. Yet as O’Donnell 
(2012b) shows, most indexes used in the productivity measurement literature, such as 
Törnqvist index, fail to satisfy this common-sense axiom. In the context of this paper, 
where productivity calculations are being performed with respect to 31 provinces over 
a 33 year time period, using an index that satisfies the transitivity axiom is of 
paramount importance. 
 
In calculating F-P TFP indexes we also make use of, and update, provincial capital 
stock estimates provided by Wu (2009). The advantage of these estimates is that they 
are the first to feature province- specific investment price deflators and rates of 
depreciation.  
The outline of the paper is as follows.  Section 2 reviews the findings of previous 
studies that have considered productivity change at the provincial level in China. 
Section 3 reveals how productivity and efficiency can be measured within the 
aggregate-quantity framework of O’Donnell (2012a). Section 4 shows how this 
framework can be used to motivate an important class of productivity indexes that can 
be decomposed into a measure of technical change and various measures of efficiency 
change. Section 5 makes explicit the different assumptions underpinning the 
stochastic frontier analysis (SFA), data envelopment analysis (DEA) and growth 
AC
CE
PT
ED
 M
AN
US
CR
IP
T
ACCEPTED MANUSCRIPT
 3 
accounting approaches to estimating these productivity indexes.  Section 6 outlines 
the data sources.  Section 7 presents the results. Section 8 concludes.  
 
 
2. Previous Studies  
 
The evolution of studies seeking to measure provincial productivity change in China 
largely reflects methodological advancements in the broader productivity 
measurement literature.  
 
To our knowledge, the first study to have considered this question is Ezaki and Sun 
(1999).  These authors used traditional growth accounting methods to estimate TFP 
change to determine the contribution of labour and capital to provincial real GDP 
growth over the period 1981-1995. They found evidence of solid TFP growth over 
this period: the average annual rate of TFP growth across provinces was estimated to 
be 3.7%. They also found evidence of considerable variation in provincial TFP 
growth rates. For example, the average annual rate of TFP growth was estimated to be 
6.9% in Anhui compared with -0.3% in Shanghai. Miyamoto and Liu (2005) also used 
a growth accounting methodology to measure productivity change at the provincial 
level over the period 1981-2000. They estimated that the average annual rate of TFP 
growth across provinces was 4.03%. A more recent study to have used a growth 
accounting methodology is Zhu, et al., (2008). The main innovation in that study, 
which covers the period 1978-2004, was to augment the production function with a 
measure of human capital.  These authors estimated that the average annual rate of 
TFP growth across provinces was 3.9%.   
 
However, as we shall see in Section 5, the growth accounting methodology is 
underpinned by strong assumptions concerning the nature of technical change (i.e., 
technical change is Hicks-neutral), levels of efficiency (i.e., all provinces are fully 
technically, scale and mix efficient), and market structure (i.e., markets are perfectly 
competitive). The fact that growth accounting measures of TFP change rule out 
changes in common measures of efficiency suggests they can only be interpreted as 
measures of pure technical change (i.e., movements in the production possibilities 
frontier).  
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Wu (2000) also sought to estimate TFP change at the provincial level over the period 
1981-1995.  He extended the literature in two important ways.  Firstly, he (implicitly) 
relaxed the growth accounting assumptions concerning technical change, technical 
efficiency and market structure.  Secondly, he estimated the technical change and 
technical efficiency change components of TFP change using stochastic frontier 
analysis (SFA). The main finding of Wu (2000) was that technical change and 
technical efficiency change had contributed little to the rapid growth in provincial real 
GDP.  While he did not present numerical results for each province, the graphs he did 
present and the associated discussion led him to conclude that China’s provinces had 
a “poor record” with respect to TFP growth and that “Positive rates of TFP growth 
were only recorded in the 1990s” (p.287). He also found that the relatively advanced 
provinces of Beijing, Shanghai and Tianjin had recorded the lowest rates of TFP 
growth. Finally, he found that the TFP growth that had occurred mainly reflected 
efficiency change rather than technical change.  Since Wu (2000), several other 
studies have used SFA methodology to estimate provincial TFP change. Chen, et al. 
(2009) considered the period from 1996-2004.  They estimated that the average 
annual rate of TFP growth across provinces was 3.2%. A very recent study by Wu 
(2013) covering the period 1978-2005 came to the conclusion that the average annual 
rate of TFP growth in provinces across China’s three main regions (coastal, central 
western) was between 5-7%.
1
 
 
As with all previous studies to have adopted a Malmquist index approach to 
decompose productivity change, Wu (2000) was unable to consider changes in 
productivity associated with scale and mix efficiency.  This is for the simple reason 
that the Malmquist index does not facilitate an exhaustive decomposition (O’Donnell, 
2012a). Given the extent to which economies of scale and scope feature in economic 
theory, and the different policy implications associated with scale and mix 
inefficiency versus technical inefficiency, this is a significant shortcoming.   
 
                                                 
1
  Zhang (2008) also used SFA to measure productivity change at the provincial level. However, the 
purpose of the paper was mainly to advocate the adoption of a particular approach to estimate 
provincial capital stocks. TFP results are not presented numerically and only discussed briefly.  
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Quo, et al. (2006) extended the literature by using an alternative frontier estimation 
methodology, data envelopment analysis (DEA), to compute Malmquist indexes of 
TFP change over the period 1979-2003.  Like Wu (2000), Quo, et al. (2006) 
concluded that TFP growth had been low: the average annual growth rate across 
provinces was just 0.25%. However, in contrast to Wu (2000), they found that the 
coastal provinces had recorded relatively faster TFP growth than inland provinces. 
They also found that low TFP growth reflected both limited technical change and 
efficiency change. Zheng and Hu (2006) also used DEA to compute Malmquist TFP 
indexes for China’s provinces over the period 1979-2001. They estimated that the 
average annual rate of TFP growth across provinces was 1.99% and that these gains 
were driven almost exclusively by technical change rather than efficiency change.    
 
Aside from different methodologies and sample periods, different estimates of 
provincial capital stocks may contribute to the variations in reported estimates of TFP 
change (Wu, 2011).  Provincial capital stock data must be constructed by individual 
researchers because official data are unavailable.  All studies have made use of the 
familiar perpetual inventory method to arrive at their capital stock estimates. This 
involves making assumptions about the initial value of the capital stock, the price 
deflator for new additions to the capital stock (i.e., investment) and the depreciation 
rate of the existing capital stock.  
 
Some studies make largely ad hoc assumptions regarding the initial value of the 
capital stock. For example, Miyamoto and Liu (2005), Zheng and Hu (2006) and Quo, 
et al. (2006) assumed that the national stock of fixed assets could be disaggregated 
according to the share of a given province in national output.  
 
Official, province-specific investment price deflators are also unavailable throughout 
the reform period. Therefore, all studies make use of proxies. For example, Ezaki and 
Sun (1999) attempted to create an investment price deflator by utilising whatever 
official data were available, in their case by taking a weighted average of the 
“producer price index of the machine building industry” and the “producer price index 
of building materials”. These proxy price deflators were then applied uniformly across 
provinces. As has been noted by Zhang (2008) and Wu (2009), this is problematic in a 
country as geographically large as China, which is characterised by the concentration 
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of different industrial sectors in different regions. For example, China’s North-East is 
best known for its high concentration of heavy industry, such as resource extraction, 
while the South-East is best known for its light industry, such as labour-intensive 
manufacturing. Zhang (2008) presented evidence that the investment price deflator 
has almost most certainly not been uniform across the country. To take one example: 
Zhang (2008) contends that while the investment price deflator in Beijing doubled 
over the period 1978-2004, it increased more than five-fold in Anhui. Only a minority 
of studies, such as Wu (2000), Zhang (2008) and Wu (2013) have attempted to deflate 
provincial investment data with a province-specific price deflator.  
 
A variety of assumptions have also been made with respect to an appropriate rate of 
depreciation for provincial capital stocks. Zheng and Hu (2006) assumed a rate of 4%, 
Wu (2000), Miyamoto and Liu (2005) and Quo, et al. (2006) assumed a rate of 5%, 
Chen, et al. (2009) assumed a rate of 7.5%, while Zhang (2008) assumed a rate of 
9.6%.  With the exception of Wu (2013), other studies have also assumed the rate 
applies uniformly across provinces. As with the investment price deflator, assuming a 
uniform rate of capital stock depreciation across provinces in a country as 
geographically large and diverse as China is far from ideal. For example, Wu (2009) 
presents evidence that the average rate of depreciation across provinces was 4.2%, but 
ranged from 2.6% in Tibet to 6.1% in Liaoning.   
 
 
3.   Measures of Productivity and Efficiency 
 
This paper analyses productivity and efficiency within the aggregate quantity 
framework of O’Donnell (2010, 2012a, 2012b). The following two sections 
summarise this framework using language and notation appropriate to the analysis of 
data on I firms (provinces) over T time periods.   
 
Let x
it
= (x
1it
,...,x
Mit
¢)  and q
it
= (q
1it
,...,q
Nit
¢)  denote vectors of input and output quantities 
for firm i in period t.   O’Donnell (2012b) defines the TFP of the firm as 
  
(1)   itit
it
Q
TFP
X    
 (TFP)  
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where ( )it itQ Q q  is an aggregate output, ( )it itX X x  is an aggregate input, and (.)Q  
and (.)X are non-negative (NN), non-decreasing (ND) and homogeneous of degree 
one (HD1) aggregator functions.
2
 Among other things, this definition means that 
measures of efficiency can be defined as ratios of measures of TFP.  For example, the 
TFP efficiency (TFPE) of the firm is defined as (O’Donnell 2010, 2012b): 
 
(2)  TFPE
it
=
TFP
it
TFP
t
*
£1   (TFP efficiency) 
 
where *
tTFP denotes the maximum TFP that is possible using the technology available 
in period t.  Other measures of efficiency (i.e., ratios of TFP) that feature in input-
oriented decompositions of productivity change include (O’Donnell 2010; O’Donnell 
and Nguyen 2013): 
 
(3)  
/
1
/
  it it itit
it it it
Q X X
ITE
Q X X
    (technical efficiency) 
 
(4)  ISE
it
=
Q
it
/ X
it
Q
it
/ X
it
£1     (pure scale efficiency) 
 
(5)  
ˆ/
1
ˆ/
  it it itit
itit it
Q X X
IME
XQ X
    (pure mix efficiency) 
 
(6)  
*
/
1 it itit
t
Q X
ISME
TFP
      (scale-mix efficiency) 
 
where 
itX  is “the minimum aggregate input possible when using a scalar multiple of 
itx  to produce ;itq  
ˆ
itX  is the minimum aggregate input possible using any input vector 
to produce ;itq  [and] Qit  and X it  are the aggregate output and input obtained when 
TFP is maximised subject to the constraint that the output and input vectors are scalar 
                                                 
2
    O’Donnell (2010, p. 530) also defines TFP to be the ratio of an aggregate output to an aggregate 
input, but he does not explicitly mention the NN property.  The NN, ND and HD1 properties are 
critically important for constructing meaningful TFP indexes. 
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multiples of 
itq  and itx  respectively” (O’Donnell and Nguyen, 2013, p.325).   The 
measures of input-oriented technical and scale efficiency defined by (3) and (4) are 
the well-known measures described by Coelli et. al. (2005) and Balk (1998).  The 
measures of input-oriented mix and scale-mix efficiency defined by (5) and (6) are 
newer measures defined by O’Donnell (2010, 2012b) and O’Donnell and Nguyen 
(2013). 
 
To illustrate relationships between some of these efficiency measures, O’Donnell 
(2012a) considers the M = 2 input case where the input aggregator function is linear: 
1 1 2 2( ) .  it it itX x x x   Figure 1 depicts this simple case in input space.  The curved line 
passing through points B and U in Figure 1 is the usual isoquant depicted in 
introductory economics textbooks, while the dashed line passing through point A is an 
isoinput line that traces out all points that have the same aggregate input as at point A 
(henceforth referred to as firm A). It is evident from Figure 1 that if the output vector 
and the input mix are held fixed, then firm A can minimize aggregate input use by 
radially contracting inputs to point B.  Indeed, the ratio of the distance 0B to the 
distance 0A in Figure 1 is the standard input-oriented measure of technical efficiency 
defined in (3): / . it it itITE X X B A  It is also evident that if restrictions on input mix 
are relaxed, then firm A can further reduce aggregate input use by moving around the 
isoquant to point U.  The reduction in aggregate input use associated with this change 
in input mix is captured by the measure of mix efficiency defined in (9): 
ˆ / . it it itIME X X F B    
 
[Figure 1 here] 
 
To further illustrate relationships between these and other efficiency measures, 
O’Donnell (2012a) maps technically-feasible input-output combinations into 
aggregate quantity space.  Figure 2 presents such a mapping for the input-output 
combinations represented by points A, B and U in Figure 1.  In Figure 2, the curve 
passing through points U and E is an unrestricted production frontier that envelops 
aggregates of all technically-feasible input and output vectors.  The curve passing 
through points B and D is a mix-restricted frontier that envelops aggregates of all 
technically-feasible input and output vectors that can be written as scalar multiples of 
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the output and input vectors of firm A (i.e., all points that have the same output mix 
and input mix as firm A).  The TFP at any point in aggregate quantity space is the 
slope of the ray from the origin to that point.  For example, the TFP of firm A is the 
slope of the ray passing through point A (i.e., / slope 0A), it it itTFP Q X  and the 
maximum TFP that is possible using the technology available in period t is the slope 
of the ray passing through point E (i.e.,  TFP
t
* = slope 0E).  The measures of efficiency 
defined by (2) to (6) can all be viewed as changes in the slopes of such rays – for 
example, TFP efficiency can be represented as */it it tTFPE TFP TFP  slope 0A/slope 0E,  
and input-oriented scale efficiency can be represented as 
ISE
it
= (Q
it
/ X
it
) / (Q
it
/ X
it
) = slope 0B/slope 0D. More details concerning aggregate-quantity 
representations of production technologies and measures of efficiency are available in 
O’Donnell (2010, 2012a, 2012b). 
 
[Figure 2 here] 
 
 
4.   Productivity Indexes and the Components of Productivity Change 
 
If TFP is defined as the ratio of an aggregate output to an aggregate input as in (1), 
then the productivity index that compares the TFP of firm i in period t with the TFP of 
firm h in period s is  
 
(7)  TFPI
hsit
º
TFP
it
TFP
hs
=
Q
it
/ X
it
Q
hs
/ X
hs
=
QI
hsit
XI
hsit   
 
 
where QI
hsit
ºQ
it
/Q
hs
 is an output quantity index (a measure of output growth) and 
XI
hsit
º X
it
/ X
hs
 is an input quantity index (a measure of input growth).  Index numbers 
that can be written in the form of aggregate quantities as in (7) are said to be 
multiplicatively-complete (O’Donnell, 2012a).  Different multiplicatively-complete 
indexes are obtained by choosing different aggregator functions (.)Q  and (.).X  For 
example, O’Donnell (2012c) suggests using Q(q)µD
O
s (x ,q)  and X (x)µD
O
s (x,q)  where 
D
O
s (.) and D
I
s(.)  are output- and input-distance functions representing the period-s 
AC
CE
PT
ED
 M
AN
US
CR
IP
T
ACCEPTED MANUSCRIPT
 10 
technology, x  and q  are fixed reference vectors, and s  is a fixed reference time 
period.  The associated TFP index that compares the TFP of firm i in period t with the 
TFP of firm h in period s is 
 
(8)  TFPI
hsit
=
D
O
s (x ,q
it
)D
I
s (x
hs
,q)
D
O
s (x ,q
hs
)D
I
s (x
it
,q)
.
  
 
 
The output and input quantity change components in this index can be traced back to 
Färe and Primont (1995). This so-called F-P TFP index is closely related to the Hicks-
Moorsteen-Bjurek (HMB) index discussed by Diewert (1992) and Bjurek (1996). 
However, unlike the HMB index, the F-P index satisfies several important axioms 
from index theory, including a transitivity axiom.  In the case of output quantity 
indexes, for example, transitivity says that a direct comparison of outputs in two 
periods will yield the same measure of output change as an indirect comparison 
through a third period. The fact that the HMB TFP index does not satisfy the 
transitivity axiom means that outputs and inputs in 2005 could be exactly the same as 
outputs and inputs in 2010 but the HMB index will generally say that productivity has 
changed, a nonsensical proposition. Other indexes that do not satisfy the transitivity 
axiom include the well-known Törnqvist, Fisher and Malmquist indexes.  More 
details on the economically-relevant properties of index numbers can be found in 
O’Donnell (2012d). 
 
O’Donnell (2010, 2012a) shows that any multiplicatively-complete TFP index can be 
decomposed into various measures of technical change and efficiency change.  An 
infinite number of decompositions are available, but perhaps the simplest 
decomposition involves the following re-arrangement of (2):  * it t itTFP TFP TFPE  for 
i =1,..., I  and 1,..., .t T   It follows that: 
 
(9)  TFPI
hsit
=
TFP
t
*
TFP
s
*
æ
è
çç
ö
ø
÷÷
TFPE
it
TFPE
hs
æ
è
çç
ö
ø
÷÷.
  
 
 
The first term in parentheses on the right-hand side of (9) compares the maximum 
TFP possible in period t with the maximum TFP possible in period s.  This is a natural 
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measure of technical change.  The second term is a measure of overall efficiency 
change.  The efficiency change component can be further decomposed into various 
measures of technical, scale and mix efficiency change.  For example, equations (2), 
(3) and (6) can be used to write (9) in the form: 
 
(10)  TFPI
hsit
=
TFP
t
*
TFP
s
*
æ
è
çç
ö
ø
÷÷
ITE
it
ITE
hs
æ
è
çç
ö
ø
÷÷
ISME
it
ISME
hs
æ
è
çç
ö
ø
÷÷.
  
 
 
Thus, TFP change can be decomposed into three intrinsically different components: a 
technical change component that measures movements in the production possibilities 
frontier; a technical efficiency change component that measures movements towards 
or away from the frontier; and a scale-mix efficiency change component that 
measures movements around the frontier surface to capture economies of scale and 
scope.  Several other input- and output-oriented decompositions of TFP change are 
discussed in O’Donnell (2010, 2012a,b).  This paper focuses on the decompositions 
given by (9) and (10).   
 
 
 
5.   Decomposing Productivity Indexes in Practice 
 
Decomposing productivity indexes into technical change and efficiency change 
components involves estimating production frontiers of the type depicted in Figures 1 
and 2. The SFA, DEA and growth accounting methodologies mentioned in Section 2 
all assume that the production frontier takes the form: 
 
(11)  Q(q
it
) £ F(x
it
,t)
  
 
 
where the inequality sign allows for output shortfalls due to technical inefficiency, the 
time trend is included to allow for technical change, and F(.) is assumed to be NN and 
ND in inputs.  However, the three different methodologies make different additional 
assumptions concerning this frontier.  Let f(.) be an arbitrary function chosen by the 
researcher.  The basic SFA model assumes (e.g., Aigner, Lovell and Schmidt, 1977): 
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SFA.1 e
it
ºQ(q
it
)- f (x
it
,t)is a random variable with a mean of E(e
it
) =-m £ 0 ; and 
SFA.2 Cov(e
it
,x
mit
) = 0 for     .  
 
The standard DEA model assumes (e.g., O’Donnell, 2010): 
 
DEA.1 all relevant variables are observed and measured without error; and 
DEA.2 F(x
it
,t) is a locally linear function. 
 
Finally, the standard growth accounting approach assumes (Carlaw and Lipsey, 
2003): 
 
GA.1 all relevant variables are observed and measured without error; 
GA.2 technical change is Hicks-neutral; 
GA.3 the technology exhibits constant returns to scale;  
GA.4 all firms are technically efficient (i.e., operate on the production frontier);  
GA.5 F(x
it
,t) is a Cobb-Douglas function; 
GA.6 output and input markets are perfectly competitive; and 
GA.7 firms maximise profits. 
 
If SFA.1 and SFA.2 are true, then consistent estimates of the components of TFP 
change can be obtained using standard econometric estimators (e.g., least squares, 
maximum likelihood).   If DEA.1 and DEA.2 are true then consistent estimates can be 
obtained using linear programming methods. Finally, if GA.1 to GA.5 are true then 
production frontier (11) takes the form
3
 
 
(12)  Q
it
= A(t) x
mit
b
m
m=1
M
Õ
  
 
 
                                                 
3
  Assumption GA.4 means equation (11) holds with equality. 
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where ( ) 0A t  and b
1
+…+b
M
=1. Moreover, the F-P index defined by (8) collapses to 
TFPI
hsit
= A(t).  In the growth accounting literature, this term is  known as the Solow 
residual. 
 
A problem with the SFA approach is that results may be sensitive to the choice of 
approximating function f(.).  The problem with the growth accounting approach is that 
assumptions GA.1 to GA.7 are rarely, if ever, true (e.g., the constant returns to scale 
assumption is theoretically incompatible with the profit maximisation assumption). 
Accordingly, in this paper, we estimate and decompose the F-P TFP index (8) using 
DEA methods. The ITE change component is computed using standard input-oriented 
DEA linear programs (LPs) that allow for variable returns to scale. The software used 
to solve these LPs also reports estimates of normalised shadow output and input 
prices. The output and input quantity change components of (8) are computed as 
D
O
s (x ,q
it
) / D
O
s (x,q
hs
) = ( ¢p q
it
) / ( ¢p q
hs
)  and D
I
s (x
it
,q) / D
I
s (x
hs
,q) = ( ¢wx
it
) / ( ¢wx
hs
)  where p  and w  
are vectors containing the sample averages of the estimated shadow output and input 
prices.  Thus, the estimated F-P TFP index can be viewed as a Lowe TFP index that 
uses estimated shadow prices instead of observed prices as weights – for more details, 
see O’Donnell (2011). The technical change component is estimated as the change in 
the maximum (estimated) TFP in each period.  Finally, the scale-mix efficiency 
component is computed as a residual.  In this paper, all estimates were computed 
using the Professional Edition of the DPIN 3.0 package.
4
 
 
 
6.   Data 
 
We compute and decompose F-P TFP indexes for China’s 31 provinces over the 
period 1978-2010. The output variable is real GDP and the input variables are labour 
and capital stocks. While complete data series were available from official sources for 
most provinces, there were instances of missing observations. For example, labour 
data for Chongqing was only available from 1985. In all, the data set was an 
unbalanced panel of 1013 observations. Provincial real GDP data were obtained 
mostly from the latest editions of the various provincial statistical yearbooks, as well 
                                                 
4
    This package is available at http://www.uq.edu.au/economics/cepa/dpin.php. 
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as NBS (1999).  The labour force variable was the number of employed persons in 
each province and these data were obtained from the same sources as output data.
5
 
Provincial capital stock data were obtained from Wu (2009), which builds on Wu 
(2008).  Our motivation for using Wu’s (2009) capital stock data is that to the best of 
our knowledge, there are no other published estimates of provincial capital stocks that 
have been constructed using both province-specific investment price deflators and 
capital stock depreciation rates.
6
 Wu (2009) provides provincial capital stock 
estimates for the period 1978-2006. We updated these data to 2010 using the same 
province-specific investment price deflators and rates of depreciation. While 
questions can be raised regarding the accuracy of any constructed capital stock series, 
we view using Wu’s (2009) data as being preferable to alternative approaches such as 
applying a uniform investment price deflator and rate of deprecation across provinces, 
which from studies such as Zhang (2008) and Wu (2009), we know to almost 
certainly be wrong.   
  
 
7.  Results 
 
Before presenting estimates of provincial TFP growth and its components, some of 
the results in terms of levels are worth highlighting.  
 
Firstly, in each time period, the TFP-maximising province was a coastal province, 
specifically, Shanghai (1978-1996), Beijing (1997-2002), Tianjin (2003-2006) and 
Guangdong (2007-2010). This finding makes good intuitive sense in that it has been 
these same provinces that have been at the forefront of China’s transition to a market 
economy (Wang, et al., 2007).  
 
                                                 
5
  CSY (various years) also provides data on the number of employed persons by province. However, 
this is only since 1985. Also, the level value of this data differs from that found in the provincial 
yearbooks and NBS (1999). For example, according to CSY (2009), the number of employed 
persons in Beijing in 2008 was 11.7 million, while according to Beijing Statistical Yearbook 
(2009), the figure was 9.81 million. Importantly, the correlation coefficient between these two 
series is extremely high. For example, in the case of Beijing, the correlation coefficient is 0.97.  We 
also estimated our model using the alternative labour stock data found in CSY (various years) and 
the TFP growth estimates were largely unaffected.  
6
  For details on how Wu (2009) constructed his provincial capital stock estimates, the interested 
reader should consult the source.  
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Figures 3 plots average scores for levels of total factor productivity efficiency 
(TFPE). Aside from the average across all provinces, an average is also given for 
provinces in the coastal region on the one hand and inland provinces on the other.  
 
[Figure 3 here] 
 
Figure 3 shows that average TFPE levels increased markedly over the sample period, 
with average TFPE scores rising from just 30% in 1978 to 57% in 2010. This finding 
implies a convergence in productive performance across China’s provinces. Such a 
convergence in productive performance is consistent with a catch up phenomenon 
whereby those initially less productive provinces learn from those operating on the 
production frontier. At the same time however, the results suggest that this 
convergence has only occurred gradually and still has a considerable way to run. 
Figure 3 also shows that while both coastal and inland provinces experienced 
increases in TFPE levels, the average for coastal provinces was higher throughout the 
sample period. In 2010, the average TFPE score for coastal provinces was 73%, 
compared with 47% for inland provinces.  
 
Figures 4 and 5 present average levels of the two components of TFPE, technical 
efficiency (ITE) and scale-mix efficiency (ISME), respectively. The results in Figure 
4 show that while average ITE levels increased during the 1980s and early 1990s, 
they declined throughout the rest of the sample period. In the case of inland provinces, 
the deterioration in the second half of the sample period was so dramatic that the 
average ITE score in 2010 was less than in 1978. Results reported later in this section 
indicate that this is almost certainly due to outward shifts in the production 
possibilities frontier (i.e., technical change) rather than declining levels of provincial 
TFP. That is, the frontier has been moving away from the provinces rather than the 
provinces dropping away from the frontier. Precisely why some inland provinces may 
have been lagging the frontier is a matter of conjecture, but the results are consistent 
with there being differences in education and knowledge of the best practice 
technology across the regions. As with TFPE, average ITE levels for coastal 
provinces were higher than for inland provinces throughout the sample period.  
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Figure 5 shows that the increase in average TFPE levels reflects a dramatic 
improvement in average ISME levels. Average ISME scores increased from just 41% 
in 1978 to 82% in 2010. While average ISME scores lagged average ITE scores at the 
beginning of the period (41% versus 73%), they exceeded them at the end of the 
period (82% versus 70%). It is interesting to note that the increase in average ISME 
levels did not begin until the mid-1980s. This timing coincides with the advent and 
growth of China’s “floating population”. This massive internal migration from 
(generally) inland provinces to coastal provinces altered the capital-labour ratio in 
both regions. Once again, there is the consistent finding that average ISME levels are 
higher for coastal provinces than for inland provinces.  
 
[Figure 4 here] 
[Figure 5 here] 
 
We now turn to a discussion of estimates of TFP change (dTFP) calculated on the 
basis of the F-P TFP index defined by (8). Recall that these estimates can be 
exhaustively decomposed into various components of TFP change identified in 
equation (10), specifically, technical change (dTech) (movements in the production 
possibilities frontier), technical efficiency change (dITE) (movements toward or away 
from the production possibilities frontier) and scale-mix efficiency change (dISME) 
(movements around the frontier surface to capture economies of scale and scope).  
Such TFP change calculations and their decomposition can be performed for each of 
China’s 31 provinces.  For presentation purposes, Figure 6 simply shows indexes that 
have been constructed on the basis of arithmetic averages across all provinces over 
time.
7
   
 
[Figure 6 here] 
 
Figure 6 points to rapid TFP growth in China’s provinces since 1978, with average 
levels of productivity being nearly 7.5 times higher in 2010 than in 1978. This 
translates to an average annual growth rate of TFP of 6.5%. Such estimates of TFP 
                                                 
7
    Full results for individual provinces are available from the authors upon request. Also note that our 
use of arithmetic averages for presentation purposes means that the indexes presented in Figure 6 
will not satisfy equation (10) exactly.  
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growth are considerably higher than those reported in most previous studies. As will 
be discussed below, the decomposition of TFP growth may be instructive for 
explaining at least some of the differences in research findings. The TFP index in 
Figure 6 also shows a distinct acceleration in productivity growth from the early 
1990s. The timing of this acceleration coincides with Deng Xiaoping’s “Southern 
Tour” and the central government’s commitment to more rapid domestic liberalization 
and openness to foreign investment.  
 
The decomposition of TFP growth illustrated in Figure 6 shows that the main driver 
of productivity improvement has been technical progress. The estimated average 
annual rate of technical change was 4.4%. The finding that technical change has 
played such a prominent role in productivity growth since 1978 is one that sits 
comfortably with China’s economic history. Under Mao Zedong’s self-reliance 
policy, technological progress had more or less stagnated over the period 1949-1977 
(Chow, 1993). It is also interesting to note that the rate of technical change reported 
above is in line with the rate of TFP growth reported in previous studies discussed in 
section 2 that have adopted a growth accounting methodology. This could reflect the 
fact that the growth accounting methodology assumes that all provinces are on the 
productivity frontier, and hence the results that are reported in such studies can only 
be interpreted as measures of pure technical change. The full TFP decomposition 
presented in Figure 6 however suggests that efficiency change, which the growth 
accounting methodology fails to consider, has also played a supplementary role in the 
productivity performance of China’s provinces.8    
 
While the index of technical efficiency changed little over the sample period, average 
levels of scale-mix efficiency in 2010 were double those of 1978. The average annual 
growth rate of ISME was 2.2%. In noting changes in scale-mix efficiency, it should 
be recalled that all previous studies have failed to consider this productivity 
component due to the use of TFP indexes that do not facilitate an exhaustive 
decomposition.  A failure to consider changes in scale-mix efficiency could be 
another reason why previous studies generally report lower rates of TFP growth.  
                                                 
8
 As was pointed out by an anonymous referee, to some extent it is to be expected that technical change 
will play a more prominent role in productivity growth over time as easy efficiency gains are 
exhausted.  
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While Figure 6 presents results as an average across all provinces, Table 1 provides 
the annual growth rates of TFP, Tech, ITE and ISME for individual provinces. What 
these show is that while average TFP growth rates across the provinces that comprise 
the coastal and inland regions were similar, there is considerable heterogeneity at the 
level of the individual province. For example, the average annual TFP growth rate 
over the sample period ranged from 3.7% in Shanghai to 9.1% in Guangdong.
9
 
Similarly, there were large differences in the composition of TFP growth.  For 
example, the average annual ITE growth rate varied from -2.5% in Anhui to 2.8% in 
Guangdong, while the average annual ISME growth rate varied from -0.6% in 
Shanghai to 6.5% in Chongqing.  
 
 
8. Conclusion 
 
This paper provides new estimates and a decomposition of provincial-level TFP 
change in China over the period 1978-2010. The investigation was motivated by the 
fact that productivity and efficiency change lie at the heart of achieving sustainable 
growth in China, and concerns that the growth model China has relied upon to date 
may have failed to deliver in this respect.   
 
The key findings were as follows.  
 
Firstly, China’s provinces have, on average, experienced rapid TFP growth. Thus, the 
rapid output growth that China has experienced during the reform period may be less 
tied to high rates of investment and export growth than conventional wisdom 
suggests. When reflecting on China’s starting point in 1978, the conclusion that 
output growth owes much to productivity and efficiency growth hardly seems 
surprising.     
 
                                                 
9
 Note that this result does not imply that Shanghai had low levels of productivity. Rather, as noted 
earlier, Shanghai’s level of productivity was extremely high for most of the sample period, but the 
growth rate was relatively low.  
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Secondly, while the results point to rapid rates of TFP growth, some concerns over 
sustainability were nonetheless raised. In particular, the decomposition of TFP growth 
estimates revealed that productivity growth has been driven by technical change. To 
the extent that TFP growth is closely dependent upon movements in the production 
possibilities frontier, the scope for improvement in the medium and long run is 
diminished. Over the past three decades China’s production possibilities frontier has 
been able to rapidly expand as a result of the introduction of superior foreign 
technology and “one off” events such as WTO entry. In many economic sectors 
however, Chinese firms now operate using the same technology as their international 
counterparts.  Thus, in the future technical change will expectedly occur at a slower 
rate.    
 
Thirdly, the finding that changes in technical efficiency and scale-mix efficiency have 
played lesser roles in productivity growth is both a cause for optimism and worry. On 
the one hand, it suggests that if these components of productivity growth can be 
successfully tapped, continued rapid TFP growth into the foreseeable future is 
possible.  On the other hand, the fact that these productivity components have played 
a limited role to date suggests that existing institutional and policy settings will be 
inadequate for achieving such positive outcomes.  While the new Chinese leadership 
are no doubt aware of the need for deeper reform and have voiced worthy aspirational 
goals, whether China’s political economy will permit such reforms remains to be 
seen.   
 
Finally, the results also pointed to considerable heterogeneity in productivity 
performance at the level of the individual province.  Not only did TFP growth rates 
differ markedly from province to province, so too did their composition. This presents 
obvious challenges for policy-makers, namely, the types of public policies that may 
be effective for boosting productivity in some provinces may be less effective in 
others.  
 
We conclude by noting two potential directions for future research. The above results 
were generated using non-parametric techniques (i.e., DEA). A useful exercise would 
be to undertake a similar analysis using parametric techniques (i.e., SFA).  The 
advantage of DEA is that it does not require the choice of an approximating function 
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for the frontier. However, as noted in section 5, it makes other assumptions, such as 
that all relevant variables are known and measured without error. The extent to which 
this assumption holds in the case of estimating productivity change in China’s 
provinces is debatable.  
 
Secondly, given that coastal provinces consistently showed higher average levels of 
efficiency, a useful extension to the research would be to attempt to estimate group 
frontiers for each region. Such an approach could provide a measure of the component 
of technical efficiency that was due to choice of technology, rather than, say, a failure 
to use technology properly.  
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Figure 1. Input-Oriented Technical and Mix Efficiency for a Two-Input Firm 
(adapted from O’Donnell, 2012a, p.260) 
 
Note – 1.     is a measure of aggregate input constructed using a linear aggregator function combining 
two inputs,      and     ,     is the minimum aggregate input possible when the input mix is held fixed 
as for firm A;      is the minimum aggregate input possible using any input mix.  
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Figure 2.  Input-Oriented Measures of Efficiency for a Multiple-Input Multiple-
Output Firm 
 
Note – 1.     and     are the aggregate output and input of firm A;   
  and    
  is the aggregate output 
and input obtained when TFP is maximized using the technology that is available in period  ;      and 
     are the aggregate output and input obtained when TFP is maximized using the technology that is 
available in period   subject to the constraint that the output and input vectors can be written as scalar 
multiples of the output and input vectors of firm A.  
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Figure 3. Average Provincial Total Factor Productivity Efficiency (TFPE) Scores 
 
Source – authors calculations 
Note – 1. “Coast” refers to the average for coastal provinces, which includes Beijing, Tianjin, Hebei, 
Liaoning, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, Guangxi and Hainan. “Inland” 
refers to the average for inland provinces, which includes Shanxi, Inner Mongolia, Jilin, Heilongjiang, 
Anhui, Jiangxi, Henan, Hunan, Chongqing, Sichuan, Guizhou, Yunnan, Tibet, Shaanxi, Gansu, 
Qinghai, Ningxia and Xinjiang.  
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Figure 4. Average Provincial Technical Efficiency (ITE) Scores 
Source – authors calculations 
Note – 1. Figure 3, note 1  
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Figure 5. Average Provincial Scale-Mix Efficiency (ISME) Scores 
Source – authors calculations 
Note – 1. See Figure 3, note 1  
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Figure 6. Components of Provincial TFP Change (1978 = 1) 
Source – authors calculations 
Note – 1. dTFP – total factor productivity change; dTech – Technical change; dITE – technical 
efficiency change; dISME – scale-mix efficiency change 
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Table 1. The Components of TFP Growth 
 Average Annual Rate of Growth (%) 
Province TFP  Tech ITE ISME 
Beijing 5.1 4.4 -0.2 0.9 
Tianjin 5.6 4.4 0.5 0.7 
Hebei 6.9 4.4 -0.1 2.5 
Shanxi 6.5 4.4 -0.2 2.2 
Inner 
Mongolia 7.6 4.4 0.1 3.0 
Liaoning 5.2 4.4 -1.0 1.8 
Jilin 6.0 4.4 0.0 1.6 
Heilongjiang 5.0 4.4 -1.2 1.9 
Shanghai 3.7 4.4 0.0 -0.7 
Jiangsu 8.5 4.4 0.0 3.9 
Zhejiang 8.7 4.4 0.9 3.1 
Anhui 7.0 4.4 -2.5 5.2 
Fujian 8.4 4.4 -0.1 4.0 
Jiangxi 6.8 4.4 -0.7 3.1 
Shandong 7.9 4.4 -1.2 4.6 
Henan 7.5 4.4 -2.0 5.0 
Hubei 7.1 4.4 -1.6 4.2 
Hunan 7.3 4.4 -0.6 3.4 
Guangdong 9.2 4.4 2.8 1.8 
Guangxi 7.3 4.4 0.6 2.2 
Hainan 7.6 4.4 1.1 2.0 
Chongqing 8.5 4.2 -2.3 6.5 
Sichuan 7.7 4.4 -0.2 3.4 
Guizhou 6.4 4.3 1.2 0.8 
Yunnan 6.5 4.4 0.3 1.8 
Tibet 6.5 4.4 0.0 2.0 
Shaanxi 7.1 4.4 0.3 2.3 
Gansu 5.8 4.4 0.8 0.6 
Qinghai 5.1 4.4 0.1 0.6 
Ningxia 5.5 4.4 -0.2 1.3 
Xinjiang 6.3 4.4 0.4 1.4 
 
Source – authors calculations. 
Notes – 1. TFP, Tech, ITE and ISME – annual growth rates of total factor productivity, technical 
progress, technical efficiency and scale-mix efficiency, respectively. 2. The sample period for all 
provinces is 1978-2010 with the exceptions of Chongqing (1985-2009) and Guizhou (1978-2009). 
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Highlights 
* Shanghai, Beijing and Guangdong exhibited the highest levels of total factor productivity (TFP) over 
the sample period.  
* Coastal provinces as a group consistently exhibited higher levels of TFP and efficiency compared to 
inland provinces.  
* The average annual TFP growth rate across all provinces over the sample period was rapid at 6.5%. 
* Productivity growth was driven by technical change, with a supplementary role played by scale-mix 
efficiency change.  
* The rate of TFP growth varied widely from province to province, as did the composition of TFP 
growth.   
